The 3 0 0 ends of mRNAs terminate with a poly(A) tail. This post-transcriptional modification is directed by sequence features present in the 3 0 0 -untranslated region (3 0 0 -UTR). We have undertaken a computational analysis of 3 0 0 end formation in Caenorhabditis elegans. By aligning cDNAs that diverge from genomic sequence at the poly(A) tract, we accurately identified a large set of true cleavage sites. When there are many transcripts aligned to a particular locus, local variation of the cleavage site over a span of a few bases is frequently observed. We find that in addition to the well-known AAUAAA motif there are several regions with distinct nucleotide compositional biases. We propose a generalized hidden Markov model that describes sequence features in C.elegans 3 0 0 -UTRs. We find that a computer program employing this model accurately predicts experimentally observed 3 0 ends even when there are multiple AAUAAA motifs and multiple cleavage sites. We have made available a complete set of polyadenylation site predictions for the C.elegans genome, including a subset of 6570 supported by aligned transcripts.
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INTRODUCTION
The 3 0 ends of most protein-coding transcripts terminate with a poly(A) tail that is important for nuclear export, stability and efficient translation. The tail is added via a multi-protein complex that recognizes sequence elements in the 3 0 -untranslated region (3 0 -UTR), cleaves the nascent transcript, and adds adenylate residues in a template-independent reaction. The biochemical details of the process have been studied most intensively in mammals and yeast [reviewed in (1) (2) (3) (4) ]. In mammals, the two sequence features that are most important are a highly conserved AAUAAA motif located 10-30 nt upstream of the cleavage site and a GU-rich element located 20-40 nt downstream of the cleavage site. Together, these two elements specify the location of the cleavage site, which is often at a CA dinucleotide. The Cleavage and Polyadenylation Specificity Factor (CPSF) has been shown to bind to the AAUAAA motif and Cleavage Stimulation Factor (CstF) to the GU-rich element.
In Saccharomyces cerevisiae, the 3 0 -UTR features are slightly different. The AAUAAA motif is not as highly conserved and there is no downstream GU-rich element. Instead, there is a UA-rich sequence upstream of the AAUAAA motif. The protein that binds the AAUAAA motif is Rna15; the UArich sequence is bound by Hrp1 (5-7). The cleavage site is 10-30 nt downstream of the AAUAAA motif and has the sequence Y(A) n . In addition to these features, U-rich sequences immediately flanking the cleavage site also appear to be important (8) .
We are interested in understanding 3 0 end formation in Caenorhabditis elegans. Previous studies have found the presence of the AAUAAA motif 7-22 nt upstream of the cleavage site but none of the other common elements (9, 10) . Furthermore, only $50% are AAUAAA; many single base variants are seen, especially AAUGAA. One unusual feature of 3 0 end formation in C.elegans is that the process is associated with trans-splicing when genes are in operons. In these circumstances, 3 0 end formation of the upstream gene has been shown to be functionally upstream of SL2 trans-splicing of the downstream gene (11) . As in mammals, CPSF binds the AAUAAA motif, but unlike in mammals (12) , there is evidence that efficient 3 0 end formation can take place in the absence of a putative CstF binding site (10) . CstF is present, but its role is apparently to increase the local concentration of SL2 at the trans-splice site and not to specify the position of the cleavage site (11) .
Computational detection of the 3 0 end has been previously attempted by several groups, though this work has mainly been carried out in Homo sapiens. These include a linear discriminant function (13) , trained to recognize contextual characteristics of sequences near the AAUAAA motif, such as up-and downstream n-mer frequencies. Another group (14) used a quadratic discriminant function to learn weight matrices for the AAUAAA motif and the GU-rich element. Weight matrices were also assembled from alignments of a large number of sequences containing AAUAAA motifs discovered from the expressed sequence tag (EST) data (15) . This group adjusted the width of putative weight matrices up-and downstream of the AAUAAA motif to optimize prediction accuracy though maximum discrimination was found using just the AAUAAA motif and the local downstream region. Instead of using weight matrices, an investigation into 3 0 end processing in S.cerevisiae (16) used a hidden Markov model (HMM) to describe nucleotide frequencies in well-characterized words in the vicinity of the cleavage site, linked by background frequencies elsewhere.
The current model for sequence features involved in 3 0 end formation in C.elegans is focussed entirely on the AAUAAA motif (9) . From a predictive standpoint, this means that one typically scans a weight matrix across the sequence and annotates those sites scoring over a particular threshold. This is not a reliable method of prediction. In order to more thoroughly examine sequence features involved in 3 0 end formation in C.elegans, we construct a dataset derived from experimentally verified cleavage sites. We find that in addition to the AAUAAA motif there also exist characteristic nucleotide distributions at the cleavage site and at various positions within the 3 0 -UTR. We build a probabilistic model of 3 0 end formation using a generalized hidden Markov model and demonstrate that this model not only predicts the 3 0 end more accurately than heuristics based on weight matrices, but also predicts the heterogeneity observed at the cleavage site itself.
MATERIALS AND METHODS

156 candidate 3
0 -UTRs up to 1000 bp long were extracted from WormBase release WS110 (http://ws110.wormbase. org). Sequences were truncated if they overlapped downstream genes on the same strand. 216 943 C.elegans transcripts (cDNAs and ESTs) were retrieved from EMBL/GenBank. The transcripts were processed with a Perl script that used the following rules to identify transcripts containing a poly(A) tail. 0 -UTRs, 1810 had matching transcripts. After removing duplicate sequences caused by alternate gene isoforms, we were left with 1468. We created multiple alignments of each unique candidate 3 0 -UTR and their matching transcripts using a Perl script that employed Bioperl libraries (17) . Of these, 1156 had at least one matching transcript that diverged from the genomic sequence in what appeared to be a poly(A) tail. Of these, we were able to map a unique AATAAA motif and cleavage site for 961 sequences (see Results).
Performance evaluation of weight matrices and HMMs were carried out using a 5-fold cross-validation strategy. four-fifth of the data was used for training and one-fifth for testing. We averaged the results for five non-overlapping test sets. The length parameters were fixed and not estimated for each training set. This is important for the spacer state where the length distribution was calculated from unambiguous sites that represented a minority of the data (see Results). Transition, emission and length parameters were estimated with a variety of Perl scripts and are available as supplementary files. HMM decoding algorithms were written in C and Java and are available at http://www.sanger.ac.uk/Projects/C_elegans/ POLYA (the java program uses BioJava libraries found at http://www.biojava.org).
RESULTS
Preamble
Since our study examines genomic DNA, we use T rather than U to describe sequence features. In addition, we distinguish AATAAA, the exact hexanucleotide, from 'the AATAAA motif', which is the signal recognized by CPSF and which may differ from AATAAA at one or more nucleotides.
Detection of cleavage sites
In order to look more closely at the signals involved in 3 0 end formation in C.elegans we began by assembling a dataset consisting of experimentally verified cleavage sites. The key to this procedure is mapping the point where a poly(A) tail present in a cDNA diverges from its parent genomic sequence. Approximately half of C.elegans genes have some cDNA evidence, normally in the form of expressed sequence tags. However, in many cases it is not possible to detect the cleavage site for the following reasons: 0 -UTR may be shorter or longer than our length thresholds.
Cleavage sites are imprecise
In some cases, alignment of a cDNA identifies an unambiguous cleavage site, as in Figure 1a . However, in many other cases it was difficult to define a unique cleavage site for the following reasons:
(i) The cleavage site may exist within a run of A's in the genomic sequence ( Figure 1b ). This occurs in the majority of cleavage sites (77%), and it is not possible to determine where the actual cleavage occurred. We call this class of cleavage site ambiguous. (ii) There may be multiple AATAAA motifs that signal multiple distinct cleavage sites. These may be located hundreds of nucleotides apart or they may be much closer, even overlapping ( Distance from AATAAA to cleavage site To simplify model building and evaluation, we desired to create a set of sequences where the cleavage site and AATAAA motif were clearly defined. The imprecise nature of the majority of cleavage sites and the AATAAA consensus makes this a difficult task. Our approach to this problem was to find the maximum likelihood position for both sites by using a length distribution from the AATAAA motif to the cleavage site and a weight matrix for the AATAAA motif itself. We identified 111 sequences with an unambiguous cleavage site and a unique, exact AATAAA within 40 nt upstream. Five sequences were removed because they were clear outliers containing an inexact match to AATAAA at a more likely position. The length distribution of the remaining 106 sequences is shown in Figure 1e . The distribution is very tight, having a range from 10 to 18 and a mode of 14. When visually inspecting sequences, people often use a heuristic such as 10-30 nt. The observed distribution has an entropy of 2.63 bits which is substantially more specific than a flat 10-30 nt distribution which has an entropy of 4.39 bits.
Assigning the AATAAA motif and cleavage site
To assign the most likely inexact AATAAA motif and the most likely ambiguous cleavage site to the rest of our data, we computed the probability of the AATAAA motif and its length from the cleavage site for all possible AATAAA motifs and cleavage sites. The AATAAA motif probability was found from a previously derived weight matrix (9) . The length probability came from a smoothed version of Figure 1e that allows a range from 5 to 30 nt. From 1156 sequences we were able to assign a unique maximum likelihood AATAAA motif and cleavage site for 961 sequences, with the remainder being of the forms seen in Figure 1c and d. Of the 961 sequences, there were 940 containing an AATAAA motif seen at least twice (Table 1 ) and 21 with an AATAAA motif such as AATAAC that was seen only once. We can be less confident about the patterns seen only once, so they were removed from the model building stage. Figure 1f . The range is highly variable, with 97% falling between 1 and 1000 nt, but most are relatively short. Approximately 70% are <250 nt.
Nucleotide composition in the vicinity of the cleavage site
To examine sequence features characteristic of 3 0 end formation, we aligned genomic sequences anchored at the cleavage site and plotted the nucleotide frequencies 80 bp upstream and 40 bp downstream (Figure 2a) . Nucleotide frequencies can be used to partition the area into distinct regions which differ from each other and from the genomic background distribution of 32% each for A and T, and 18% each for C and G. The AATAAA motif is clearly visible $15-20 bp upstream of the cleavage site despite the length heterogeneity between the cleavage site and the motif. The cleavage site itself appears in a T-rich region with a spike of As at the cleavage site. The region between the AATAAA motif and cleavage site is also T-rich. Downstream of the cleavage site the nucleotide composition is T-rich but it gradually changes to typical genome levels by 30-40 bp downstream. The 5 0 -most sequence upstream of the AATAAA motif is T-rich near the AATAAA motif but farther upstream it has a pyrimidine bias, with C also favoured over G as previously observed (S. Jones, unpublished work).
A probabilistic model of 3 0 0 end formation We built a model based on six distinct regions in the vicinity of the 3 0 end. We define these in the 5 0 to 3 0 direction as follows:
(i) UTR-highly variable in length and tends to be pyrimidine-rich (ii) AATAAA-6 nt corresponding to the AATAAA motif (Table 2 ) (iii) SP-T-rich spacer region of restricted length (Figure 1e ) (iv) CS-4 nt corresponding to the cleavage site ( (v) DS-short, variable length T-rich sequence downstream of the cleavage site (vi) G-genomic sequence Using these six regions we designed an HMM to describe 3 0 end formation (Figure 2b ). HMMs are convenient statistical constructs for modelling biological sequences because they allow one to represent sequence features with characteristic compositions and lengths as a network of interconnected states with emission and transition probabilities (18) . In a traditional HMM, the expected length within each state follows a geometric distribution (19) . Since the length of the SP state has a highly restricted range and a clearly non-geometric distribution we employed a generalized HMM rather than a traditional HMM. Generalized HMMs are commonly used in gene prediction algorithms (20) (21) (22) (23) (24) . In these HMMs, each state emits sequences whose lengths are determined by state-specific probability distributions. The UTR, DS and G states have geometric distributions with means 200, 15 and 680 respectively. The AATAAA and CS states have constant distributions of 6 and 4 nt. The SP state has a distribution similar to Figure 1e with minimum and maximum values of 5 and 30 nt. Decoding algorithms for generalized HMMs are slightly more complicated than the standard Viterbi and forward/backward algorithms, but ours still scales linearly with the length of the search sequence because the non-geometric states have restricted ranges.
Prediction of 3 0 0 ends
We evaluated the performance of our HMM by comparing it to heuristic methods based on an AATAAA weight matrix (9) . Since cleavage sites are imprecise, we calculated the accuracy based on identifying the correct AATAAA motif and not the cleavage site. Table 4 shows that a crude scan for all exact matches to AATAAA within 1000 nt of the stop codon correctly identifies 56% of signals, though 46% of the total predictions are spurious. If we propose that the 5 0 -most exact match to AATAAA is the signal, the proportion of signals detected correctly is reduced by 5% but there is an 8% increase in specificity. Using the first maximum score allows for those sequences that contain a mismatch variant of the AATAAA motif; instead of looking for exact matches to AATAAA, we scan with a weight matrix and call the highest scoring hexamer a hit. In the case of multiple identical hits, the 5 0 -most one is reported, as this would be the first one exposed on the nascent transcript. This has a sensitivity and specificity of 60%. A far greater sensitivity (94%) is achieved if we report all exact matches to AATAAA and all possible single base mismatches, though there is a large penalty to specificity.
Two different strategies were used to evaluate the HMM: Viterbi and posterior decoding. The Viterbi algorithm finds a single maximum likelihood AATAAA motif in the sequence while posterior decoding determines the probability of the AATAAA motif at each point in the sequence. Posterior decoding therefore allows one to find the most likely motif and other, less likely ones. For the posterior we used a probability threshold of 0.1, which means that fewer than 10 AATAAA motifs can be found. The HMM strategies are far more accurate than the weight matrix methods. The Viterbi algorithm recorded 70% sensitivity and specificity. Posterior decoding maintained a similar 68% specificity but significantly increased the sensitivity to 82%. These results indicate that the context in which an AATAAA motif appears is an important factor for 3 0 end formation. Furthermore, it suggests that in cases where the maximum likelihood AATAAA motif is incorrect, the observed AATAAA motif can be found by looking at other high-scoring positions.
The stochastic nature of 3 0 0 end site selection While collecting our dataset of unique AATAAA and cleavage sites we selected against those genes with high cDNA coverage, as genes containing a larger number of matching transcripts tended to have multiple distinct cleavage sites, such as in Figure 1d . Figure 3a shows the distribution of cleavage sites at each nucleotide for a 3 0 -UTR with 31 cDNA matches. According to our model, the posterior probability of the AATAAA motif indicates that there is only one such motif in the region. The posterior probability of the cleavage site shows a multi-modal distribution. The frequency of observed cleavage sites is very similar to the posterior probability. Figure 3b shows a case where there are multiple AATAAA motifs and cleavage sites. Here too, the posterior probability of the cleavage site is similar to the observed frequencies. The fact that our model fits the observed distribution so well suggests that it is capturing most, if not all, of the local information used to select the cleavage site.
Genome-wide scan
We applied the HMM to predict cleavage sites for all the genes in the C.elegans genome. There are 22 168 different annotated genes in WormBase release WS110 (http://ws110.wormbase. org). For 9710 of these, a 3 0 -UTR is annotated in WormBase by extending from the stop codon to the 3 0 end of the 3 0 -most EST match assigned to the gene. For each gene, we used our HMM to search the 1000 bases 3 0 of each annotated stop codon, and annotated the most likely cleavage site as determined by the Viterbi algorithm (available in the supplementary data). We expect 70% of these to be correct, from our previous experiments (Table 4 ). Figure 4 shows the frequency distribution of the distance between WormBase 3 0 -UTRs and the Viterbi prediction for each of their 3 0 -UTR candidates. Peaks are visible around À65 and À10, presumably corresponding to different EST clipping regimes. Based on the graph, we suggest that those predictions that extend the WormBase 3 0 -UTR up to 80 nt are highly likely to be correct because the EST was clipped short. Those predictions that are too short by up to 10 nt are consistent with the local heterogeneity of the cleavage site and are also likely to be correct. The proportion of predictions falling within the range À80 to +10 is 70%, as expected. This results in a set of 6570 high confidence identifications of C.elegans cleavage sites, which could be used for further studies and will be available through WormBase. stop codon. In order to test weight matrix approaches and our HMM under conditions of a scanning model, we evaluated the methods on virtual mature mRNAs containing complete coding sequences plus 1000 bp downstream. In these experiments, we modified the HMM by including 3 coding states which correspond to the nucleotide frequencies observed in first, second and third positions within codons. Table 4 shows that the weight matrix methods find a large number of false positives in the coding sequence. However, the specificity of the HMM degrades only slightly, and the performance difference of the posterior decoding is particularly small. If the biological machinery scans along the mRNA 'looking' for cleavage sites, it is clearly advantageous to 'see' more than just the AATAAA motif.
DISCUSSION
In this study, we have made a significant step to improving 3 0 end prediction in C.elegans by developing an HMM that captures global features present in the 3 0 -UTR. HMMs have become popular in the sequence analysis community because they offer a method to incorporate diverse sequence features under a rigorous probabilistic framework, and because they have established decoding algorithms. HMMs are stochastic models and this fits well with cleavage site selection, which appears to be a stochastic process. In cases where there are numerous transcripts aligned downstream of a stop codon, we found that the posterior probability of cleavage sites derived from the HMM mirrors the frequencies of experimentally observed cleavage sites. This suggests that the HMM faithfully represents the local requirements of 3 0 end formation. In order to determine why our HMM missed $20% of the real AATAAA motifs, we examined the 3 0 -UTRs of the incorrect predictions in WormBase using ACEDB (http:// www.acedb.org). In $30% of cases, there were additional transcripts without poly(A) tails that supported the predicted 3 0 end. These 3 0 ends may therefore fall into the class depicted in Figure 1c with multiple AATAAA motifs. Unfortunately, we do not have access to the raw traces and cannot extend the sequence into the poly(A) tails to find the cleavage site. Thus, we believe it is likely that many of the false positive predictions are real sites. Another class where we suspect the predictions are real are instances where the predicted and observed AATAAA motifs were a few nucleotides apart. This occurs in $5% of the incorrect predictions. Our original maximum likelihood assignment of the AATAAA motif and the cleavage site was based on a weight matrix for the AATAAA motif and a probability distribution for the distance to the cleavage site. Our HMM is a more explicit model of the 3 0 end and in these cases the HMM may be more accurate than our initial maximum likelihood 'observation'.
Approximately 25% of the missed predictions (5% of the whole set) resulted from a variety of oversights in collecting the data. We assumed that unlabelled genomic sequence downstream of a terminal exon contains a 3 0 -UTR followed by genomic sequence. This is not always the case. Some 3 0 -UTRs contain introns, which means our HMM and the polyadenylation machinery see different sequences. Some 3 0 regions contain transcripts that do not appear to correspond to the 3 0 -UTR of the labelled gene and may instead belong to novel genes. There were also cases where the aligned transcript had a better match elsewhere in the genome. Finally, there were clerical errors that allowed some known, nearby genes into the region assayed for 3 0 end formation, and in these cases the HMM sometimes predicted the AATAAA motif in introns or UTRs of the downstream gene.
In the largest fraction of missed AATAAA motifs, $40% of the time, we could not determine the cause of the error. It may be that with greater transcript coverage some of these 3 0 ends will turn out to have multiple AATAAA motifs. Alternatively, these 3 0 ends may form a different class, perhaps with specific factors that direct their positioning. We detected no unusual compositional biases though, so the reasons for these incorrect predictions remains a mystery. Taken together, based on the fact that we can explain a number of the incorrect predictions as potentially correct predictions, we believe that our HMM is more accurate than we can reliably report, and may approach 90% sensitivity. The HMM contains states for the AATAAA motif, the cleavage site and regions on either side of these features. It does not explicitly model other sequence elements, but it may be taking these into account. For example, the downstream state is T-rich and this roughly corresponds to a CstF binding site. Whether or not CstF binding downstream of the cleavage site is actually required for 3 0 end formation is not known and may be dependent on the nature of the AATAAA motif (25) .
Correct identification of full-length transcripts is important both for studying the process of 3 0 end formation and for integrating experimental results, such as northern blots, SAGE tags and microarrays. Another implication for this work is that it may improve the quality of gene prediction. One of the difficulties in gene prediction is identifying the terminal exon. Misidentification can cause single genes to be split or neighbouring genes to be fused. Employing a more descriptive model of 3 0 ends should help reduce this problem, and we are currently exploring this possibility.
We have started to use the methodology described in this paper to analyse polyadenylation and cleavage sites in other organisms. Preliminary data shows that different phyla have different features in the vicinity of the cleavage site. For example, the SP composition appears A-rich in insects and contains separate T-rich and A-rich domains in vertebrates (data not shown). For this reason, it would be inappropriate to apply the HMM developed for C.elegans to distantly related genomes, but a similar framework of model, fit with relevant data, may be applicable.
